close to Trier, Germany. Hyperspectral images of the cores were recorded using a VNIR camera and a SWIR camera. The content of C, N, Fe, Al, and Ca was analysed on reference samples with standard laboratory techniques. Spectra of the reference samples were used to establish regression models (PLS regression and MARS). These models were used to create maps of the elemental concentrations in the soil cores. Main research objectives were (1) to compare the regression techniques for elemental mapping of various elements, (2) to compare the predictive capacity of the VNIR and SWIR spectral range, and (3) to compare the two sampling sites in terms of elemental contents and distributions.
2M aterial and Methods

Study Site and Soil Sampling
The sampling was carried out approximately 12 km northeast of Trier (Rhineland Palatinate, 49.84°N, 6.71°E). Two differing soil types were sampled. The first soil type was classified as an albic Cambisol under a Norway spruce monoculture, the second soil was a colluvic gleyic Regosol (WRB 2014) close to a creek under a European beech monoculture. Both soils derived from Triassic Sandstone (Buntsandstein). The study site is characterized by temperate, oceanic climate conditions with a mean annual temperature of 9.1°C and a mean annual precipitation of 780mm.
The soil profiles were sampled with custom-made stainless steel boxes. Two boxes with 100 × 100 × 300mm 3 size and two boxes with 100 × 100 × 500mm 3 were available. They were designed to sample undisturbed sections of soil profiles. After digging a hole and removing the litter layer, the steel boxes were gently hammered horizontally into the soil and subsequently excavated. In the lab, the soil cores were dried in the steel boxes at 35°C for one week. Two profiles of different depths were sampled for each soil type, one of 30 cm and the other of 50 cm depth. The two profiles of albic Cambisol are subsequently indicated as Cambisol30 and Cambisol50, and thec olluvicg leyicR egosol profiles as Regosol30 and Regosol50. In most studies, reflectance spectroscopy was either used on samples from selected points (field and laboratory spectroscopy), or on the soil surface (airborne and spaceborne imaging spectroscopy). Recently, Jung et al. (2015) introduced a hyperspectral snapshot camera for proximal soil sensing.
The horizontal variability of soil surfaces is usually slow and gradual, but variability in the third dimension, depth, is much higher (ViScarra roSSel et al. 2015). Information on vertical variability is needed, among others, for interpretations of soil formation processes, characterizations of the soil horizons and the detection of small scale soil processes like bioturbation. The technique of laboratory imaging spectroscopy of soil cores using a hyperspectral line scanner was introduced by BuddenBaum & SteffenS (2011) for spectroscopic analysis of undisturbed soil profiles with a very high spatial resolution. Applying this proximal sensing technique for the creation of elemental maps by using support vector regression and PLSR was presented by Budden- Baum & SteffenS (2012b) . Effects of spectral pre-treatments on elemental regressions using VNIR laboratory imaging spectroscopy were studied by BuddenBaum & SteffenS (2012a) . The approach was extended to include horizon classificationa nd geostatistical characterization of a soil profile (SteffenS & BuddenBaum 2013), and soil organic matter quality (SteffenS et al. 2014) . While these studies used only VNIR spectroscopy, SWIR cameras are now available with a comparable spatial resolution for laboratory use. Since many mineralogic absorption features are situated in the SWIR spectral region, an improved elemental mapping could be expected from adding SWIR information.
For the present study, soil cores were sampled from a Cambisol under Norway spruce and a Regosol under European beech stand track; a single pixel is about 250 µm wide. The 30 cm profiles consist of approximately 1200 lines, the 50 cm profiles of 2000 lines. The SWIR images were also recorded with a Spectralon white reference panel which covered about 50 lines.
Image Pre-Processing
Because the illumination was not perfectly uniform, the object reflectance ρ obj was calculated for each image line (along track) separately following (1): (2011) , but in combination with PLSR, these transformations were not able to increase regression accuracy significantly.T o improve the signal-to-noise ratio, we applied spectral resampling, a bisection of the spatial resolution of the VNIR images, and continuum removal (CR). Spectral resampling implies an increase of the spectral sampling interval and the full width at half maximum from 3.7nm to 7.3nm in the VNIR range and from 7nm to 15 nm in the SWIR range. With this transformation, neighbouring spectral bands were averaged, and the number of bands was reduced from 160 to 78 bands (VNIR) and from 256 to 100 bands (SWIR). The spatial resolution of the VNIR images was bisected by averaging 2 × 2 pixels to one resulting pixel. CR is a tool to amplify reflective features and especially to amplify absorption bands in a spectrum. This is done by fitting a convex hull to the spectrum and dividing the reflectance values for each wavelength by the reflectance level of the continuum line (convex hull) at the corresponding wavelength (KoKaly & clarK 1999) . This pre-processing returns a CR value of 1 to all
Imaging Setup
After smoothing the surface of the soil profile with a long knife, the images were recorded using a HySpex VNIR-1600 and a HySpex SWIR-320m-e hyperspectral camera (Norsk Elektro Optikk, Skedsmokorset, Norway) at the Department of Environmental Remote Sensing and Geoinformatics at the University of Trier . The cameras were equipped with a 30 cm focal lens and set up in a laboratory frame with a translation stage under the camera. The translation stage moves the object in along-track direction, while the camera, a push-broom scanner, records image lines across track. The speed of the translation stage is adapted so that square pixels result.
For the VNIR images two tungsten halogen light sources illuminate the currently scanned line from about 35 cm distance and at an angle of about 45°in front of and behind the camera to minimize shadows on the soil surface. The VNIR-1600 camera records 1600 pixels across track with a field of view of 17°. The pixel instantaneous field of view is 0.18 mrad across track and 0.36 mrad along track. The area recorded from the 30 cm distance is 10 cm wide, so that the size of a single pixel amounts to about 63 µm. A 30 cm long soil profile consists of approximately 4800 image lines, a 50 cm profile of 8000 image lines. About 200 additional image lines containing a certified reflectance standard whiter eference panel of known reflectivity (Spectralon, Labspere Inc., North Sutton, NH, USA) were scanned with each sample, so radiance could be transformed to reflectance. 160 spectral bands were recorded in the spectral range of 414 nm to 1000 nm with a spectral sampling interval of 3.7nm. The data was recorded in 12 bit radiometric resolution.
The laboratory frame can only hold one camera at a time, so the SWIR images were recorded after the VNIR datasets. Because the light source used for VNIR imaging only covers the spectral range up to 1700 nm, a stabilized tungsten halogen lamp (50 W) was used for illumination. The SWIR-320m-e camera records 256 spectral bands in the spectral range of 1000 nm to 2500 nm with a field of view of 13.5°. 320 pixels are acquired across gen (TN) concentrations were determined in duplicate by dry combustion at 1100°C by a EuroEA elemental analyzer (Hekatech GmbH, Wegberg, Germany) in carbonate-free samples. Total amounts of aluminum (Al), iron (Fe) and calcium (Ca) were extracted with 3m l concentrated HNO 3 and 1m l H 2 O 2 (suprapur) in 0.1g-0.2gdry mass using high pressure bombs (Berghof, Eningen, Germany) (udelhoVen et al. 2003) . Element concentrations were measured with an atomic absorption spectrometer (Varian AA 240 FS and AA 240Z/GTA 120, Palo Alto, CA, U.S.A.).
Elemental Mapping
We compared two statistical methods for establishing regression models between elemental concentrations and reflective properties: Partial least-square regression (PLSR), and Multivariate adaptive regression splines (MARS). The regression analyses were carried out in MATLAB (Version R2012, Mathworks, Natick, MA, USA). All models were established on reflectance and chemical data from both soils and all horizons combined.
Partial least-square regression (PLSR) after parts of the spectrum that lie on the convex hull, i.e. wavelength regions that are not in an absorption band, and values between 0 and 1 to regions inside absorption bands. So CR accentuates the absorption bands in the spectra while minimizing brightness differences. The recorded images mostly have a high quality, but despite efforts to reduce noise, some noise is still present, especially in the SWIR range. The noise is most obvious in vertical stripes on the images.
To obtain spectra from 400nm to 2500 nm for each pixel, an image-to-image geometric correction was applied. Ground control points (GCP) were identified in the images and used for warping the SWIR image to the VNIR image's geometry using a rubber sheeting (local triangulation) approach.
Homogeneous regions of interest (ROIs) of about 2c m 2 area were regularly distributed over the soil profiles (18 ROIs on each of the 50 cm profiles and 12 ROIs on each of the 30 cm profiles) and mean spectra of these ROIs were extracted.
Chemical Analysis
The ROIs were visually identified in the soil core and samples of about 2cm 2 and about 1cm depth were taken for chemical laboratory analysis. After thoroughly sieving to <2mm and grinding, samples were oven-dried at 105°C. Total organic carbon (TOC) and total nitro- te Carlo repetitions to each model to avoid overfitting (Schlerf et al. 2010 ) and calculated the cross-validated relative root-mean-square error (relRMSEcv) for each model. Fig. 1a illustrates the relationship between number of latent variables and relRMSEcv. The model with lowest relRMSEcv was selected. With this optimal number of latent variables, a new PLSR is calculated and applied on the hyperspectral images to create maps of the distribution of the element in question. Resulting concentrations for C using the SWIR wavelength range and four latent variables compared to the laboratory measured concentrations are shown in Fig. 1b . No further calibration/validation scheme was applied, because plausible maps resulted from this strategy. Fig. 2 shows the regression coefficients (PLS weights) for each element and each wavelength range. The regression coefficients have been normalized for displaying them in the figure by subtracting their mean and dividing the result by their standard deviation (z-transformation). The plots show the important wavelength regions for estimating the elemental concentrations.
Multivariate adaptive regression splines (MARS) after friedman (1991) is a non-parametric generalization of recursive partitioning principal components regression (PCR) and combines features from PCR and multiple regression (maraBel & alVarez-taBoada 2013 , Wold et al. 2001a . PLS regression projects the data (chemical concentrations and reflective properties with a high number of correlated variables) into a lower dimensional space, formed by a set of orthogonal latent variables, by a simultaneous decomposition of X (spectral matrix) and Y (chemical matrix) that maximizes the covariance between X and Y (Vohland & emmerling 2011, Wold et al. 2001b) . A large number of measured collinear spectral variables is reduced to a few non-correlated latent variables (maraBel & alVarez-taBoada 2013), which also implements a reduction of the data volume and the calculation time. To find the optimum number of latent variables, we calculated PLSR models with up to 20 latent variables on the ROI spectra for each analyzed element, separately for all VNIR-, SWIR-, and full range images. We applied a five-fold cross validation and a 100-fold Mon- 2. Ty pically, in both soils a vertical element gradient was clearly developed with high organic matter content in the topsoil and decreasing amounts with increasing depth. The thickness of the humus-rich A-horizon ranged from 6cm to 10 cm depending on the respective soil profile. Mean concentrations of TOC in the topsoil reached more than 200m g g -1 , whereas in the subsoil it was about 20 mg g -1 -30 mg g -1 . Nitrogen showed the same trend, with amounts in a range from 0.2m g g -1 -16 mg g -1 . Maximum C contents of 291mg g -1 (Cambisol) or 339m g g -1 (Regosol) might be attributed to residues of the litter layers, which have not been involved in the soil sampling schedule. Both soils derived from siliceous bedrocks (Sandstones) and thus, as expected, soil pH in these soils varied between 4.5 and 5.0, which is equivalent to the silicate buffer capacity of soil. As a consequence, soils were carbonate-free and thus, amounts of total carbon in soil were equivalent to total organic carbon.
Amounts of Fe, Al, and Ca in both soils showed a different element distribution in the soil profile compared to carbon and nitrogen. Although there was a remarkable variability in the amounts of Fe and Al, the differences in both elements between the top soils and the sub-soils of both investigated soil profiles remained small. The differences in the element distribution of Fe and Al between both soils were also quite small and in a typical range of those soils. Similarly, Ca was concentrated in the top soil and amounts of Ca in the subsoil were in both soils roughly at the detection limit. This result can also be attributed to the parent material and forestal land-use of both soils.
regression approaches such as classification and regression trees (CART) (ViScarra roSSel & BehrenS 2010). It makes no assumption about the underlying functional relationship between the dependent and independent variables. naWar et al. (2015) found that MARS was better suited for the visible and near-infrared reflectance spectroscopy estimation of soil salinity than PLSR.
The MARS models were evaluated using a five-fold cross validation and 100 Monte Carlo repetitions. Elemental maps were then calculated by applying the models on a pixel-bypixel basis on the hyperspectral images.
Even though the profiles were illuminated from two directions, the formation of shadow because of strong surface roughness was unavoidable. Parts of the profiles with high carbon and nitrogen or iron-concentrations are dark coloured. The spectral signatures of these parts are similar to the shadow signatures, which results in false values. To correct this, shadows had to be determined and the profiles shadow masked. Shadows were detected using a principal component analysis followed by an unsupervised classification. One of the resulting classes corresponded well with shadowed areas in a visual inspection. After building a shadow mask for each profile, this mask was applied on the respective image (SteffenS & BuddenBaum 2013).
3R esults and Discussion
Elemental Concentrations
The high variance of carbon and nitrogen content in both soils are shown in Tabs. 1 and -1 )N (mg g -1 )F e (mg g -1 )A l (mg g -1 )C a (mg g -1 RMSE values are achieved (Fig.3c) . The high amount of image noise in the resulting maps and the fact that in most cases the full wavelength range does not lead to the highest accuracies hint to some sensitivity to noise and overfitting in MARS. Selected elemental maps showing the strengths and weaknesses of the statistical results are discussed. Fig. 4 displays PLSR-derived maps of the five elements for the profile Cambisol50. Each map covers a profile area of 10 cm width and 50 cm depth. All maps reflect the spatial distribution well and have plausible ranges of values. C mainly accumulates in the top-horizon, but also in the subsoil, isolated organic residues are recognizable, e.g. caused by roots. Due to the very high correlation between C and N contents, the N map has similar distributions; organic residues in the subsoil region are even better recognizable in the nitrogen map than in the C map. The Fe content is relatively homogenous throughout the profile because of the iron-rich parent material. Al shows a pattern similar to Fe, but the maximum is in a lower region of the profile.
The Ca profile in Fig. 4 has to be discussed carefully, because concentrations in the subsoils (of both soils) were sometimes under the detection limit. There are some patches of Ca concentrations which might have remained from previous liming events. Fig. 5 shows a comparison of C in the Cambisol30 profiles created using the three wavelength ranges and PLS regression. In the VNIR profile, accumulations of C are visible in the humus-rich top soil and in organic residues (roots) in the subsoil regions. The SWIR profile accentuates regions of high C content more strongly. The full range data leads to the most contrast-rich map of C but also shows the most image noise.
Some maps created with MARS can be seen in Fig. 6 . While C, N, and Al are mapped in acceptable quality, the maps of Fe and Ca are quite noisy. According to the reference measurements, C and N concentrations are highest in the topsoil, but MARS is unable to capture that.
Intercorrelations between the elemental concentrations are listed in Tab. 3. C and N are very highly correlated with each other and highly correlated with Ca. Fe and Al show no correlation with each other and low correlations with the other elements.
Regression Models of Elemental Concentrations
For each element, multiple concentrations maps (derived from different wavelengths ranges: VNIR, SWIR, and full range) were calculated combining data from the two soils. relRMSE and R 2 of the statistically best results are shown for each element and each wavelength range in Tabs. 4 and 5 for PLSR and MARS, respectively.
Using PLSR, most elements are estimated best with the full wavelength range. Surprisingly, C estimations using SWIR data are better than VNIR-based estimations, although it is well known that a high organic carbon amount colours the soil dark in the visible spectral region (Stoner & Baumgardner 1981) .
Tab. 5 gives an overview of the statistical results using MARS. In the visual comparison, almost all MARS maps were inferior to the PLSR maps, and R 2 and relRMSE values of the MARS models are lower than the PLSR values, which is in contrast to the results of naWar et al. (2014) . Best statistical values for the organic matter (C and N) are in the full wavelength range. Best models for Fe, Al, and Ca are in the VNIR wavelength range, which is plausible for iron because of the broad absorption bands between 0.6 µm and 1.5 µm (mulderS 1987). Fig. 3 shows scatter plots of MARS estimations of C for the three wavelength regions. The scatter plot in the VNIR wavelength range shows a narrow distribution of most samples on the 1:1 line for the lower values, but some strong outliers in the range above 50 mg g -1 (Fig.3a) . The distribution in the SWIR wavelength range is generally similar, with one outlier even far in the negative range (Fig.3b) . R 2 in the SWIR is lowest and RMSE is highest. In the full wavelength range the scatter is still high, but outliers are less extreme and thus the highest R 2 and lowest affected by image noise, while the MARS maps emphasize the noise that is present in the image data. While previous studies used exclusively the VNIR camera, the additional information retrieved using a SWIR camera was tested in this study. The elemental maps using only the HySpex SWIR-320m-e module were not always reasonable, but regressions including VNIR and SWIR wavelengths in combination lead to improved statistical results.
The resulting maps show elemental distribution in a very high spatial resolution and can be used for further analyses of the soil cores and their horizons. Consequently, laboratory imaging spectroscopy of soil profiles in the
4C onclusions
In this study, elemental concentrations in soil profiles were mapped using laboratory imaging spectroscopy. We compared three spectral ranges, i.e. VNIR, SWIR, and full range images, and two regression methods, i.e. MARS and PLSR.
PLSR was better suited for elemental mapping, both in terms of statistical measures and in visual quality of the resulting maps. This study confirms PLSR as a powerful regression tool that makes use of all input bands and serves well in identifying important spectral bands representing specific elemental concentrations in natural soil profiles. PLSR is less 
